ABSTRACT An ultra-wide-band radar module sensor for soil moisture monitoring field experiment is investigated in this paper. For this type of mission critical sensor, it is applied to collect the reflected signals from subsurface of bare soil and sand with different volumetric water contents (VWCs) data (which are calibrated by a time domain reflectometer). This problem is formulated as a mapping from the raw data to the physical parameter. The fuzzy logic algorithm is employed to track the trend of the time series data and after the forecasting becomes stable, the parameters of membership functions in the final iteration are extracted as templates and the VWC values are computed based on a recognition fashion. Two type of fuzzy logic systems (FLSs), namely, type-1 FLS and interval type-2 FLS are employed and compared under the root-mean-square-error. Finally, the accuracy of the soil moisture retrieval is also compared under the mean absolute deviation and the root mean square difference, which demonstrates the effectiveness of the algorithm.
I. INTRODUCTION
The modern precision agriculture and smart farming call for the deployment of corresponding mission critical sensors and the comprised sensor network. Literatures about the employment of framework such as in-situ data collection sensor networks [1] , UAV based monitoring sensor network [2] , smart-control sensor network [3] emerge nowadays to demonstrate the potential of these techniques. One of the core aims of designing those apparatus is to get the quantitative measure of soil's moisture, which is essential to understand the physical and chemical properties of the soil [4] .
An accurate assessment of soil's moisture content in the field has been a challenge for a long time. Major difficulties encountered in an accurate assessment of soil moisture include the highly variable of soil moisture, actively growing roots and soil evaporation (or evapotranspiration demand), highly changeable of plant water uptake and water availability in the soil etc [5] . Traditional direct techniques for assessing the soil's moisture content for measuring the electrical, radiative, thermal, and chemical properties are mainly for in-situ operations. They are limited by the principles of the methods of themselves, which lead to their deficiency in accuracy, robustness and continuously monitoring.
Indirect methods, like remote sensing, are mainly based on the deployment of microwave equipment. Remote sensing data products such as Soil Moisture and Ocean Salinity (SMOS) and Soil Moisture Active and Passive (SMAP) increases the opportunities for extensive soil moisture characterization at different spatial and temporal scales [6] - [8] . Different analytic techniques such as information-theoretic approach in downscaling mission [6] , model-based approach based on backscattering coefficients [7] and time-series analysis [8] based on polarized data demonstrate the extensibility and flexibility of remote sensing. Nevertheless, a poor agreement exists in soil moisture between remote sensing and ground-truth measurements (may served as calibration, i.e., gravimetric sampling, TDR measurements). Another representative technique is the ground penetrating radar (GPR) [9] - [11] , which aims at a smaller scale. Lambot et al. [9] investigate the inversion of soil electric properties based on the GPR signal in the frequency domain and EM modeling, respectively.
But the inversion results are not stable due to the characterization of the distribution of frequency components from the antenna [10] , [11] . Besides, the above two techniques are not cost-effective for normal users such as farmers to monitor the soil conditions. Therefore, the apparatus for soil moisture at the field scale in an unattended fashion is essential for farmers to get the first-hand information of the soil. The advent of ultra-wideband (UWB) technology provides such an opportunity [12] - [17] . UWB sensors obtain the information from the soil in a non-destructive, continuous and fast measurement fashion. The researches in UWB signal propagation mainly focus on the channel modeling of the UWB radar systems, both indoor [13] and outdoor [14] .
The discussion about application of smart sensors or sensor network in soil are seldom. Previous literature on the UWB based soil properties inversion are mainly discussing the mechanism and relation among the soil properties, the electromagnetic wave, and time domain signal [15] - [17] . Tan et al. [15] study the radar backscatter coefficient of a small area of soil surface with different grazing angles with different VWCs. The CLEAN algorithm is employed to carry on a statistical study on the channel impulse response (CIR) to find the inherent mapping relation [16] , [17] . The maximum likelihood estimation (MLE) algorithm is employed to describe the evolvement of the parameters along with the change of the pH value [17] .
However, these previous work are not able to directly retrieve the specific values of soil properties from the received signal or CIR. Especially, as stated in [18] , that UWB reflected signals (within a burst) do not hold self-similarity, which means that it is impossible to forecast the future signal based on the received signal within one collection. Inspired by the classical Mackey-Glass prediction problem in fuzzy logic [19] - [21] , we concatenate several received signals together to construct an aperiodic signal from several collections in order to keep the similarity. In this paper, a fuzzy logic based forecasting approach is designed to solve this problem based on the aperiodic signal. The contribution of this paper are three fold: 1) A concrete field experiment with mission critical sensors for soil moisture monitoring is presented with real data collection and analysis. The employment and comparison of T1FLS and IT2FLS in soil moisture inversion is first proposed to the best of our knowledge. 2) A model-free approach via learning the extracted parameters from the real data is proposed to find the VWC values based on a iterative learning. The approach is not just about disclosure of the correlation between the signal and the soil moisture, but to obtain a specific value of the moisture. 3) With the verification based on field experiment UWB measurements and leave one out cross validation (LOOCV) for the performance of retrieval, the approach is efficient and extensible. Furthermore, it can be extended to construct a database of lookup templates for future use and be embedded into the computing units of UWB module for mass production. The rest of the paper is arranged as follows. In Section II, we illustrate the field experiment setting and the in-situ apparatus. We formulate the model of time-series forecasting and demonstrates the whole process in Section III. In Section IV, we give an overview of the T1FLS and IT2FLS and illustrated the modification based on the field experiment setting. In Section V, we demonstrate the experiment settings based on Section III and shows the forecasting results under RMSE criterion and retrieves the results of bare soil and sand with different VWCs using a recognition method. Finally, we conclude in Section VI.
II. MEASUREMENTS SETUP A. MEASUREMENT ENVIRONMENT
The soil-retrieval measurement effort began in the middle April 2016 and continued until May 2016. We selected a bare soil which is suitable for planting with the area of approximate 50 m 2 and a square sandy area in the west of Chengdu, China, which is shown in Fig. 1 . Bare soil and sand are two typical soil types with the different porosity, roughness, and compactness. Therefore, the study of these two cases will be able to verify the applicability of the soil moisture retrieval method. In order to ensure the accuracy of the experiment, we picked up the location which was as flat as possible so that the distance of propagation of the electromagnetic wave was approximately fixed. The surface roughness of the bare soil and sand were low, with an amplitude around 4 cm and 6 cm, respectively. In our experiment, the VWCs were adjusted manually by adding water in order to increase the VWC gradually.
The whole UWB module was mounted on a 80cm shelf. We chose the PulsOn 410 monostatic radar module (P410-MRM), a product from Time Domain Corporation as the UWB radar signal generator [22] . The main parameters of the P410-MRM are listed in Table 1 . The UWB radar module was hung on the shelf with self contained power battery. The shelf was fixed at the two ends with load. Two toroidal dipole antennas were situated paralleled to the ground which made the mainlobe of the beam of antennas perpendicular to the ground. The input voltage of radar module is 5.75v range to 30v DC and the maximum power consumption is 4.2 watts. The portable source of the equipment has a 12v output power and 5000 mA capacity. A photo of the apparatus is shown in Fig. 2 .
The reflected signals were collected in a rake receiver structure and then transmitted to PC via the USB connection line. Each index in the received signal is spaced at around a 61ps (actually 32 steps of 1.907ps = 61.024ps) increment. As no direct relation between the UWB radar echoes and the surface soil moisture exists, site-specific calibration is necessary. We calibrated the UWB radar measurements by comparing the UWB estimates with the VWC data collected by the time domain reflector FieldScout TDR 300, as shown in Fig. 3 [23] . The specifications of TDR 300 are listed in Table 2 . Electronics in the TDR 300 generate the EM wave and obtain the reflected signal which propagates back and forth in the soil, accompanied by the waveguide comprised of the two stainless and changeable steel rods. The TDR probes was inserted vertically into the both the bare soil and sand. The measuring volume is an elliptical cylinder that covers around 5 centimeters where the rod locates. For both sand and bare soil, totally nine measurements were collected in a 3-by-3 sampling array with an distance of 15 cm and the average of the 9 measurements was regarded as the ground-truth VWC value. In this paper, the extensive UWB data of moisture values measured for the sand are VWC 8. 
III. PROBLEM REFORMULATION AND A BRIEF REVIEW OF T1FLS AND IT2FLS

A. MOTIVATION
Typical UWB measurements are shown in Fig. 4 . Fig. 4(a) shows the transmitted signal (template signal of P410-MRM), which is a short pulse with a duration of nanoseconds. Fig. 4 (b) shows a reflected signal from the subsurface of soil After large amount of UWB measurements are collected, the problem is that how can we estimate or recognize specific VWC value for a certain type of soil (without the calibration of TDR)? Is it possible to ''learn'' from the raw data?
Before the post-processing is carried out, we first notice a fact. As mentioned in [18] , Liang analyzed the self-similarity of the UWB signal and found that it did not hold the property. For any one received signal, it cannot be employed to forecast future received signals within just one collection. Hence, we consider the concatenation of multiple reflected signal (CMRS) sequences within the same soil type and VWC value to construct an aperiodic signal sequence to hold the self-similarity, which is shown in Fig. 6 (for subsequent modeling, we take the absolute value of the UWB signal).
Based on above CMRS sequence, the motivation is to design a method to learn from the CMRS sequence and estimate the VWC value. We propose a fuzzy logic system (FLS) based approach to solve it. The approach comprises the followings: 1) Set the training of CMRS sequence through the FLS as a time-series forecasting, tune the parameters of the MFs via iterations. 2) At the final epoch, set the parameters as the benchmark template. Establish the benchmarks for each case of the two types of soil and different VWC. 3) For unknown UWB signal, extract the template use the same approach as above, match with the most similar benchmark under the preset decision metric 4) Use the LOOCV to verify the whole process for all groups of the CMRS. And the schematic diagram of the whole procedure is shown in Fig. 4 .
The core part of the process is the training. Previous work investigated the design of T1FLS and IT2FLS and their application in Mackey-Glass chaotic series forecasting [21] , [24] . We continue to borrow this idea here with some modifications and discuss its application in UWB signal forecasting and parameters' extraction. We give a brief review of T1FLS and IT2FLS in the next section.
IV. FUZZY LOGIC SYSTEM FRAMEWORK A. T1FLS
The purpose of introducing FLS system for the modeling of the mapping from the signal to the VWC is based on the fact that there is no universal physical explanation based model or heuristic method to set up the relation. Therefore it is reasonable to build a dynamic and adaptive model instead of a solid physical formula to better describe the relationship. In our work, we mainly consider the T1FLS and IT2FLS. T1FLS includes four modules: the fuzzifier, rules, inference engine and defuzzifier, which is shown in Fig. 7 . The related conditions are specified for each of the module, i.e., the antecedent VOLUME 6, 2018 MFs of the fuzzifier, number and type of rules, methods of the inference and consequent MFs of the defuzzifier.
The reformulation of the first order time-series forecasting is illustrated as follows [21] . Given a collection of N data points, x(1), x(2), . . . , x(N ). The data set is partitioned into training data set with M data points, x(1), x(2), . . . , x(M ) and testing data set with N −M data points, x(M +1), x(M + 2), . . . , x(N ). A window of p data points is used to forecast the next data point, i.e.,
We treat the CMRS sequence as the input data points and we use p previous data points to predict one step further and iterate the process step by step until we reach the final point of the time series. The rules imposes a fuzzy relation in each of the input-output part, and they impose on the inference engine, which are represented as:
where, F l i is the fuzzy set whose MF is centered at x i .
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where is the t-norm operator. For both antecedents (fuzzifier) and consequents (defuzzifier), Gaussian MF is applied. The Gaussian MF of the lth rule is:
Finally, the height defuzzifier is chosen to achieve the defuzzification:
The number of rules and antecedents, the parameters of the antecedents and consequent MFs are preset. In our task, for T1FLS, four antecedents to predict one step fashion is employed, namely, x(k − 3), x(k − 2), x(k − 1), and x(k), to forecast the state at x(k + 1). Two fuzzy sets for each of the four antecedents comprise a total number of 2 4 = 16 rules. The Gaussian MF is adopted for both antecedents and consequent and each rule is determined by the 8 antecedent MF parameters (mean and standard deviation of each four Gaussian MFs and one consequent parameterȳ l . The parameters which are learned in the T1FLS are shown in Table 3 . The above mentioned parameters are tuned with the training data using the Back-Propagation (BP) algorithm [19] , [20] .
For BP algorithm, given the total N training-predicting pairs (x (i) : y (i) ), i = 1, . . . , N , then the output after the defuzzification is The error function to describe the error between the predict next step and the next step of the test data is given by:
To minimize the error function, the following iterations are conducted to iterate all the parameters of the MFs (k = 1, . . . , p, l = 1, . . . , M and i = 0, 1, . . . ):
The α m , α¯yl , α σ are the step size and we set α m = α¯yl = α σ . We define one epoch as the iteration on the collection of N training data. We apply the formula (9)-(11) with an epoch and then for more epochs until the convergence occurs. We verify the performance of the forecasting under the rootmean-square-error (RMSE) criterion.
B. IT2FLS
The UWB reflected signal contains noisy data, which manifests the non-wide-state-stationary (nonWSS) randomness, which is shown in Fig. 4(b) . In T1FLS, the UWB reflected signal is regarded as a crisp signal with no consideration of uncertainty. Comparatively, the IT2FLS is prompted in order to exploit this uncertainty. IT2FLS is constructed based VOLUME 6, 2018 on the type-2 fuzzy sets (T2FS) with its secondary MF is interval type-1 fuzzy set (T1FS). The framework of IT2FLS is shown in Fig. 5 . It is clear to see that the IT2FLS structure is similar to that of the T1FLS with the major differences of using T2FS in antecedent parts of fuzzy rules and the output processor. The output processor comprises two procedures, i.e., transformation of into a T1FS in type-reduction and transformation of T1FS into crisp number in defuzzification.
The determination of the MF of the T2FS is mainly data driven and the parameter setting is given in Table 4 . The shape of the MF is mainly captured by the value of the input (mean of the Gaussian membership function) and the background of the clutter and noise of the signal (standard deviation of the Gaussian MF).
Previous forecasting setting, i.e., D − p rules in T1FLS are still used in the IT2FLS design. The lth rule of the IT2FLS has the form, 
The Gaussian primary MFs with uncertain mean are chosen as the antecedents of the IT2FLS:
where k = 1, . . . , p (the number of antecedents) and l = 1, . . . , M (the number of rules). Here, the mean is changed from one point in T1FLS to an interval in IT2FLS in order to handle the possibility related to the latent uncertainty in the signal. We use the upper membership function (UMF) µ l k (x k ) and lower membership function (LMF)μ l k (x k ) of the Gaussian primary MFs to describe the shape of the type-2 MF, UMF:
LMF:
where
The fuzzy inference engine of IT2FLS combine the inputs and the rules using the following theorem [25] , [26] . Consider an IT2FLS with meet operation under minimum or product t-norm. The result of the input and antecedent operations, which are contained in the firing set
is an interval type-1 set,
The consequent sets are also interval Gaussian primary MFs with uncertain mean, i.e.,
The centroid of each µ j (y), CG i , is an interval type-1 set, i.e., CG i = [y j l , y j r ], j = 1, . . . , M . Then, the fired combined output set µB (y) is computed as:
The IT2FLS is a mapping f : R p → R 1 . As shown in Fig. 5 , after the fuzzification, fuzzy inference, typereduction and defuzzification, the crisp output is obtained. For type-reduction, the center-of-sets defuzzification is employed here, which is shown at the bottom of next page (formula (21)).
Here, Y cos (x) stands for the interval set determined by two end points y l and y r ;
l , y i r ] corresponds to the centroid of the type-2 interval consequent setG i , which can be calculated as: (22) where
and
(24)
Algorithm 1 IT2 Type Reduction and Defuzzification
Calculating y i l : • 1. arrange the pre-computed y i in ascending order, i.e.,
• 4. Compute y l in (22) with f i l =f i for i ≤ L and f i l = f i for i > L, and let y l ≡ y l .
• 5. If y l = y l , then goto Step 6, else stop and set y l ≡ y l .
• 6. Set y l = y l , return to Step 3. Calculating y i r : • 1. arrange the pre-computed y i in ascending order, i.e.,
• 4. Compute y r in (23) with f i r = f i for i ≤ R and f i r =f i for i > R, and let y r ≡ y r .
• 5. If y r = y r , then goto Step 6, else stop and set y r ≡ y r .
• 6. Set y r = y r , return to Step 3.
The computation of the y l and y r depends on the FLS input x, the following algorithm is employed here.
Hence, equivalently, y r and y l can be represented as:
And this completes type-reduction for IT2FLS. Due to the fact that Y cos is an interval set, the defuzzified output of the IT2FLS is:
Similarly, we listed the parameters of IT2FLS for tuning via the BP algorithm in Table 4 .
The BP algorithm for IT2FLS is parallel to the corresponding one in T1FLS instead of dealing with type-2 fuzzy sets. For the training par (x (t) : y(t)), the following type-2 cost function J 2 (x (i) , y (i) ) is given as:
Because only the UMF and LMF determines the f s2 (x (t) ), it is required to minimize the (25) with respect to UMF and LMF and the consequent parameters y j l and y j r . A general method for the IT2FLS is given in [27] and [28] . We will not present here because of the page limit. 
V. PERFORMANCE ANALYSIS OF THE FORECASTING AND RECOGNITION RESULTS
A. PERFORMANCE ANALYSIS OF THE FORECASTING
Previously, the definition of the parameters of both T1FLS and IT2FLS are listed in Table 3 and Table 4 . The setting of the parameters for both T1FLS and IT2FLS are listed in Table 5 . The training sequence is the concatenation of multiple pieces of two-way propagation discrete sequence containing both signal and noise. The center of each consequent'sȳ i is chosen to be a uniform random number within the range of [0, median(x)]. For IT2FLS, the power of the noise is set as the alternative to σ n in the simulation.
In our experiments, we collect reflected signals of bare soil and sand. Each situation has 4 different VWC values, as mentioned in section II. In sum, there are 8 cases. For each case, 780 times of reflected signals from the soil are recorded. For preprocessing, we divide the 780 echoes as 30 groups, each group comprise 26 echoes. The concatenation of 26 echoes with the same VWC forms a sequence with 10400 points s = [s(1), s(2), . . . , s(10400)], and it is divided into training and testing data with equal length of 5200.
The training data is imported into the T1FLS and IT2FLS. the BP algorithm is used to optimize the parameters. Evaluation of the performance is achieved by calculating the following root-mean-squared error (RMSE) of the testing data and the forecasting results for T1FLS. RMSE T1 and IT2FLS RMSE IT2 , respectively.
Variations of the RMSE of the for VWC values for both bare soil and sand are shown in Fig. 10 . For the purpose of comparison, we do not set a specific threshold because it will
VOLUME 6, 2018 lead to different times of iteration. The times of iteration are set as 120. After 120 epochs of tuning, both the RMSE T1 and IT2FLS RMSE IT2 demonstrates convergence. The IT2FLS shows a better performance of convergence compared to the T1FLS because of the incorporating the uncertainties caused by background noise into the rules of FLS forecaster. The parameters of the Gaussian MFs are obtained by tuning for one epoch and then testing the design and then tuning for a second epoch and again testing on the testing data of the second epoch, and so forth.
B. RECOGNITION STRATEGY AND RESULTS
Inspired by [29] , a recognition strategy is applied. The results of the final epoch of the 120 epochs are recorded table 6 and table 7.   TABLE 6 . The recognition ratio of sand and bare soil using RMSD for both T1FLS and IT2FLS (first column) under different VWC (first row).
for recognition. According to table For T1FLS, one pair (rule, antecedent) correspond to a choose between m x − 2σ x or m x +2σ x . The parameters constitutes a 16-by-4 matrix A T 1 . Similarly, for IT2FLS, due to the consideration of noise, the pair(rule, antecedent) related to LMF and UMF chooses one of the two possibilities from m x − 2σ x − 0.25σ n or m x + 2σ x − 0.25σ n and from m x − 2σ x + 0.25σ n or m x + 2σ x + 0.25σ n , respectively. Hence, there are two 16-by-4 matrices and we take the average of them and name the new matrix as A IT 2 .
The schematic diagram for calculating the recognition ratio of different VWC within the same soil condition is shown in Fig. 9 . For T1FLS and IT2FLS, each square unit stands for A T 1 and A IT 2 obtained in the final epoch. Each of the square unit in four testing strips are compared with the all four benchmark (bm) units. We count the times of right matching and divide it with the total number of units in testing strips to compute the recognition ratio (RR).
Two criteria are computed for comparison of the recognition as follows. The mean absolute deviation (MAD) of the pair of two units is defined as:
where a bm and a test stand for one element in the matrix of benchmark and test, respectively. Since there are 16 × 4 = 64 parameters in the mean matrix of Gaussian MF, n = 64. The root-mean-square difference (RMSD) of the pair of two units is defined as:
All the 26 training groups are undergone a LOOCV process, which shuffle the testing groups from 1 to 26 and leave the rest of the them as the training groups. The whole recognition results will be averaged finally. The accuracy for T1FLS and IT2FLS of all the four cases of both bare soil and sand are shown in table 6 and table 7 , respectively. We also visualizatize the results in Fig. 11 . The performance of recognition T1FLS is poor due to its incapability to handle the uncertainty caused by the noise, and the nonWSS and impulsive characteristic of the reflected UWB signal. For both of the two criteria, compared to T1FLS, IT2FLS shows much better recognition results because of the ability to handle the uncertainty. The recognition ratio in MAD is slight better than the counter parts in RMSD for T1FLS. But for IT2FLS, the performance is almost the same.
VI. CONCLUSION
In this paper, we retrieve the soil moisture from the mission critical UWB radar sensor by leveraging the fuzzy logic algorithm on the sequential model. We concatenate multiple signals as an aperiodic signal and extract the parameters of the signal (mean and standard deviation matrix). The learning performance is measured by the convergence of the RMSE of the real signal and predicted signal. After convergence, the parameters are treated as the templates of the VWC, i.e., to formulate a look-up table like reference. The recognition scheme based on the square units is employed to calculate the corresponding recognition ratio of all the different measured cases based on the times of matching the correct template in the testing data.
For both the performance of the forecasting and recognition, IT2FLS and T1FLS can converge based on the setting mentioned in the simulation part. IT2FLS outperforms T1FLS due to its ability to fuse the information uncertainty caused by noise and has a higher degree of freedom compared with T1FLS. Except for the case of VWC 18.8 % that the recognition ratio is less than 60 %, the recognition ratios of the rest cases are higher than 60%, which demonstrates the effectiveness of our method to map the relation between the lack of self-similarity time series and the soil moisture.
Future works are included (not limited to) these three folds:
1) The explanation of the model: since this model is based on the comparison of the template types to determine whether it is been treated as the correct recognition. It is still required to explain the latent nature of the model itself, i.e., how to understand the relation between the signal and VWC in a physical sound fashion. 2) Highly Efficiency Algorithm and Framework: to employ a more computing efficient IT2FLS to simplify the computation process to meet the real-time processing requirement. Some previous work mentioned about the speedup tricks based on the modification of the original algorithm [30] and GPU acceleration [31] . The deep learning framework may shed light on constructing large-scale network structure to achieve this goal. 3) Multi-modal parameters and hybrid system for retrieval [32] , [33] : For soil evaluation, besides soil moisture, other physical and chemical characteristics are also crucial for the plantation. It is interesting to see whether it is possible to retrieve multi-modal parameters using a heterogeneous mission critical sensor network to make a synthetic evaluation for the soil quality. 
